Abstract-In this paper, we describe a system to support the generation of adaptive mobile learning environments. In these environments, students and teachers can accomplish different types of individual and collaborative activities in different contexts. Activities are dynamically recommended to users depending on different criteria (user features, context, etc.), and workspaces to support the corresponding activity accomplishment are dynamically generated. In this paper, we present the main characteristics of the mechanism that suggests the most suitable activities at each situation, the system in which this mechanism has been implemented, the authoring tool to facilitate the specification of context-based adaptive m-learning environments, and two environments generated following this approach will be presented. The outcomes of two case studies carried out with students of the first and second courses of "Computer Engineering" at the "Universidad Autó noma de Madrid" are also presented.
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INTRODUCTION
T HE rapid evolution of wireless technologies, the development of handheld devices, and the increasing easiness of accessing to wireless networks from different devices have encouraged researchers and companies to make advances in mobile technologies. Mobile devices join connectivity and portability issues to allow more opportunities in the real life. It is a fact that many people usually carry one or more mobile computing devices with them, including smart phones, personal digital assistants (PDAs), or laptops. These personal devices are normally used with different purposes, some of which are related to entertainment, working, or learning, among others.
Nowadays, people usually spend a lot of time working and also traveling from one place to another (from home to work/study and vice versa, for meetings, business, and so on). Time has become a really valuable good in our society, and in many cases, organizing one's time in an optimal way is rather complicated. In such a scenario, the use of mobile devices either to get on with pending tasks or even to ask for advice about how to spend well time is pretty useful. Moreover, sometimes tasks not only depend on the user himself, but also on other persons (partners). In these cases, the use of mobile portable devices connected to the Internet constitutes an added value, making it possible to support communication and cooperation between users.
In the context of learning, mobile devices and wireless technologies can be used to motivate students to learn in different contexts and active ways, for example, by proposing and allowing them to interact with online educational resources through handheld devices, suggesting them different activities according to their particular context so that they can benefit from idle time to study. These devices can be used from anywhere to take notes, communicate with other students and teachers, as well as to perform learning tasks (either individually or collaboratively) in real time. Mobile learning can be combined with traditional education. This combination has given rise to the concept of blended learning [1] , where students can learn in classes or laboratories, as well as by doing different activities outside (i.e., through the Web).
Within the last decades, the use of the Web supports not just information access, but also learning activity realization has proliferated. When interacting with the Web, not all users have the same goals, interests, or needs. It is well known that aspects such as background, goal, preferences, learning styles, or personality can influence the way in which they interact with information. Moreover, this can determine their specific needs. In the context of mobile systems that support individual and collaborative task realization, activities can be (un)suitable to be broached by users depending not only on user features, preferences, or behaviors, but also on their context (i.e., device, location, or available time) [2] . When considering mobile collaboration environments, the context of group members, as well as group features and needs, are important too. In this framework, it is also useful to support the recommendation of activities and resources to users and groups according to not only their individual and collaborative features and needs, but also to their context to help them to organize their tasks and time too. This paper is structured as follows: Section 2 presents some related work. Next, Section 3 describes the mechanism that supports the specification and generation of contextbased adaptive mobile environments. These environments support the realization of different types of individual and collaborative activities in different contexts. It selects the most suitable activities taking into account different adaptation features (users' context, individual and group features and needs, etc.). In Section 4, the recommender Web-based system where this mechanism has been implemented will be explained. This system supports the generation of different environments for diverse application areas. For example, it allows the generation of environments to manage and support company work, including functionality for both on-the-fly task recommendation and task realization for employees in different contexts. The system has been successfully used to generate different real context-based adaptive mobile educational environments. In this type of environment, educational activities are recommended to students according to their personal features and context, also considering those of their partners. For example, it is possible not to propose complex activities to users when they want to take advantage of a short period available. Moreover, the same activity can be recommended to some users while not being recommended to others, even if they are in the same context, because of their different personal features or needs. For example, it is possible to propose an exercise to an active student that has 10 minutes available while proposing a reflective student to read a summary of certain contents in the same situation. In addition, multimedia contents and tools to support the interactions can be adapted according to both the features of the device used and user features (including learning style). Section 5 shows the results obtained in two case studies carried out with real students of first and second course of "Computer Engineering" degree in "Operating Systems" and "Data Structures" subjects will be commented on. Issues such as the appropriateness of learning activity recommendation, multimedia contents, tools, and navigational guidance offered for each user, depending on his personal features, dynamic information, and context will be presented including also information about users actions and their opinions regarding the recommendation process. Finally, conclusions are presented.
RELATED WORK
The earliest applications of Adaptive Hypermedia (AH) date from the beginnings of the 1990s. Brusilovsky presented the first classification of AH methods and techniques in 1996. It considers mainly adaptive presentation (content-level adaptation) and adaptive navigation support (link-level adaptation). More details about the different methods and techniques can be found in [3] . With the aim to supporting adaptive e-learning, managing information about students is necessary. User data, such as personal features, preferences, needs, or context, can be considered with adaptation purposes. These data are stored in the User Model (UM) and must be updated [4] . The values of each attribute of the user model can be directly asked to the user, extracted from specific tests, such as learning style [5] , personality [6] , or intelligence [7] , or got on the fly [8] . Some well-known e-learning adaptive systems based on these AH techniques are ELM-ART [9] , AHA [10] , TANGOW [11] , and WHURLE [12] .
In the context of learning, collaborative activities are essential for facilitating not only knowledge acquisition [12] , but also the development of different personal and social skills [13] , [14] . Moreover, it increases student motivation and participation [15] , [16] . A detailed description of well-known Computer Supported Collaborative Learning (CSCL) systems is presented in [17] . In our opinion, in collaborative systems, it is very important to make sure that the activities to be carried out, as well as the tools provided to users, fit user needs, so that they feel comfortable interacting with the environment. Therefore, we think that it is useful to adapt different collaborative issues to facilitate collaborative learning. In order to perform adaptation in CSCL, it is necessary to store information about individuals and groups in the corresponding user and group models including roles (if defined), opinions about previous collaborations, and dynamic data related to group and individual performance. Some research dealing with adaptation in CSCL has been done and implemented in systems such as WebDL [18] or COL-TANGOW [19] .
Another line of research dealing with adaptation of information according to user needs is that of recommender systems. These are a specific type of adaptive systems based on modeling user interests and preferences [20] . Recommender systems give personalized suggestions for each user and guide them through interesting and useful objects in a huge space (i.e., films, music, books, news, images, Webpages, etc.) [21] . A recommender system usually compares user features with information about each element, also considering the opinions of experts or other users. Markov models are statistical models that can be used by recommender systems in order to predict event sequences [22] .
Many recommender systems use Markov models to do predictions in different areas, such as biology, speech recognition, or natural language processing [23] . In [21] , a review of different recommendation techniques is presented, including their advantages and problems. Several adaptive systems use some of the techniques proposed with a temporal adjustment to make old votes have less influence than new ones [24] . Recommender systems are used in different areas such as tourism (i.e., GUIDE [25] or [26] ) or shopping [27] , among others. In general, mobile recommender systems assist users in unknown environments in finding what best suits their preferences [21] .
The use of mobile devices for learning increases learner motivation and promotes interactive learning [28] . Learners are motivated to be more engaged in learning activities when new technology is used in a meaningful way. Thus, it is desirable to develop some instructional implications on how these fascinating technologies can be proportioned to the conventional learning activities [29] . A review related to the use of new technologies for learning is presented in [30] , including information about 1. how mobile devices used for improving access to learning resources and evaluation system (i.e., enabling students to look at information any time and anywhere); 2. new changes in teaching and learning processes (i.e., revision material tailored to the needs of the individual, providing a flexible context-awareness system that can react to their needs); and 3. the establishment of relationships between academic goals and business (i.e., allowing users to use their personal devices with educational purposes, blending mobile technologies into e-learning infrastructures to improve interactivity and connectivity to the learner). Some mobile learning approaches can be found in [31] , [32] , [33] . In [31] , a pedagogical and technical approach to support learning activities both outside the school and in the classroom is presented. Students use PDAs with GPS cards to record bird observations about natural environment that are analyzed afterward. JAPE-LAS [32] is a context-aware language learning support system for learning Japanese polite expressions. Finally, in [33] , an evaluation of a mobile learning organizer developed for graduate students is described. This study was designed to discover the patterns of use of a mobile learning organizer when used by students in a wirelessly networked study environment and other locations of their choice. Although there is no indication that the mobile learning organizers used in this study greatly altered students' styles or patterns of learning, they did have some impact on the way the students worked and demands placed on their lecturers.
Regarding contents and their appropriate presentation in different devices, designers must consider the specific device characteristics such as size of screen and possible memory limitations. Different versions of contents can be developed for personal computer applications and mobile devices. In [34] , the architecture of a system capable of adapting contents to devices and user profiles without duplicating efforts for PDAs and computers is proposed.
BASIS
The basis of the platform developed consists of an underlying mechanism that supports recommendations of individual and collaborative activities to users in mobile environments facilitating time management and organization. This mechanism recommends the most suitable activities for each user, taking into account not only his personal features and behavior, but also his current context and information about other users. In order to perform the adaptation, the mechanism is fed on the specification of the information about users and groups (user and group models), the description of the activities that can be performed (activity model), the rules describing adaptation capabilities and recommendation criteria (adaptation model), and information about previous interactions with the system (logs stored as part of the user model to be further used with adaptation purposes).
User and group models store stable information, which does not significantly change over time, and dynamic information. Some features that can be considered as stable information are: background, learning style, or preferred language. Examples of dynamic information are: data about the learning process (activities performed, results obtained), opinions (i.e., about collaborative experiences), or context at a certain time (physical location, available time, and devices). The possible values for each parameter stored in the user and group models can be defined as stereotypes or numeric values. These characteristics will be used to recommend the most suitable activities at each time and also to adapt the workspaces dynamically generated.
Regarding learning activities, it is necessary to specify 1. the common characteristics of the whole set of activities, such as available languages, general set description, adaptation features to be considered, and general aspects related to collaboration workgroups, 2. information for each activity (type, descriptions, deadline, and so on), 3. different versions of contents associated to each activity, and 4. collaborative tools to be offered to support collaborative task accomplishment. This information is stored in the activity model. Finally, recommendation and adaptation criteria to select the most suitable activities, contents, and tools at each time are described and stored in the recommendation model as adaptation rules. The recommendation mechanism supports five different types of adaptation, each of which can be different for distinct types of students. They are based on the following:
. Relationships between activities, which can be established in different ways according to the type of user(s) for which they are intended. . Navigational guidance offered within each set of activities, which can also be different according to user needs or preferences (direct guidance versus free). . (Un)suitability of certain types of activities according to the type of activity and the user(s) context. This can also be established in different ways for different types of users, even in the same context. . Specific activity accomplishment requirements: If they are not satisfied, the activity is not proposed to the corresponding users. Different requirements can be specified even for the same activity, each of them for a certain type of users. . Collaborative workspace configuration: Problem statements and collaborative tools can be differently combined to generate different collaborative workspaces, even for tackling the same task, each of them adapted to each group of users' features and needs, stored in the group model [19] . The description of adaptation and recommendation criteria is supported by means of rules. Each set of rules represents an adaptation filter through which activities pass. The first one recommends activities considering the relationship between them, which can be established in different ways for different types of students. The second one takes into account the types of activities to be recommended at each context. The third one deals with individual activity requirements. In each filter, recommendation degrees for the different activities are set, taking into account the criteria expressed in the corresponding rules. Rule conditions can be related to any parameter stored in the user or group model. Only the rules whose conditions are satisfied are triggered. Recommendation criteria can be specified in different ways according to different types of students by means of rules with different activation conditions. This leads to a personalized annotation of activities at each time. Synchronous activities are not proposed to students if not all of the members of the group are online. More details about the rule-based recommendation mechanism can be found in [36] .
However, there is no need to provide rules for every single activity. In case there is no information available about the suitability of recommending an activity to a certain user in a particular context, previous recommendations and actions of users with similar features in similar contexts are analyzed in order to provide a recommendation. This part of the recommender mechanism is based on the use of Markov models [22] . Logins of user actions are analyzed offline to obtain navigational path graphs. These path graphs are combined to get new graphs representing paths followed by similar users. These graphs represent a Markov model in which states represent activities, and the transition probability matrix indicates the probability that a user moves from one activity to another. Therefore, at runtime, if no criteria for recommending (or not) a certain activity are available, transition probability matrices are analyzed along with user features and context in order to provide the most suitable recommendation. If there is not enough information about the suitability of the recommendation of a certain activity, for a specific type of user, the activity will be available but not specially recommended.
The mechanism, therefore, consists of two main phases. The first one deals with rule processing, while the second one is based on Markov model usage. The final aim is to provide useful recommendations to users at runtime, as well as to generate the corresponding workspaces to support activity realization. During the whole process, each activity is annotated as follows:
. Recommended. Prerequisites, if any, are satisfied, and the activity is suitable for the user context. . Not recommended. Prerequisites, if any, are satisfied, but the context of the user is not appropriate to perform the activity. . Available. There is no pending prerequisite for the activity to be performed, although there is no information about the suitability of the activity for the user context. . Not available. Any condition related to user personal features or previous actions is not satisfied. . Already done. The user can access to it again. The output of the mechanism, once activities have passed all filters and Markov models are checked (if needed), consists of a list of activities, each of them annotated with the recommendation degree for a given user in a specific context. Once the user selects an activity, a workspace to support the activity realization is dynamically generated and adapted to user features and device. In the case of individual activities, content fragments are selected according to the user features and context, and combined within one or more Webpages depending on the device used. In the case of collaborative activities, collaborative workspaces are generated by selecting the most suitable problem statement and the most appropriate collaborative tools for each specific group of students, considering their personal features and context. This is supported by means of collaborative workspace rules [35] . The implementation of this mechanism within a system is depicted in Fig. 1 and described in detail in next section.
THE PLATFORM: COMOLE
The mechanism described in the previous section has been implemented into a platform called Context-based adaptive Mobile Learning Environments (CoMoLE) [37] . Users can access to the environments supported by CoMoLE from different devices through a Web browser.
CoMoLE supports the recommendation and the accomplishment of different types of learning activities such as reading explanations, observing examples, making tests, doing short free-answer exercises, solving problems collaboratively, downloading electronic material for their study, sending/receiving messages to/from partners of the same workgroup, and so on. Activities can have associated multimedia contents as well as collaborative tools to support the interaction between members of the same group in the case of collaborative activities. Each activity can be devoted to everybody, to certain types of users, or only to users in particular contexts. These adaptation capabilities are defined by means of rules.
Information about activities, contents, collaborative tools, relationships between them, and adaptation decisions must be specified in the design phase and is stored in XML files. Information of users and groups, generated at runtime, is stored in XML files too. These data are processed by CoMoLE when users are interacting within the environment.
CoMoLE is implemented in two main modules, each of them corresponding to a different phase of the mechanism (rule-based recommendation and Markov-model-based recommendation). These modules are responsible to annotate each activity, indicating the recommendation degree (recommended, not recommended, available, unavailable, or already performed) and to select the most suitable resources for a user, taking into account his current situation. Besides, an activity manager generates the initial list of activities to be processed by these modules.
Three different adaptation filters compose the rule-based recommender: structural filter, context-based general filter, and individual filter [38] . Each of them processes a different type of rule: structural rules, context-based general filters, and individual accomplishment restrictions, respectively. This fact facilitates the use of each module in an independent way. Therefore, the person in charge of each environment can choose the recommendation modules to be used. This can be done in the authoring phase. The input of each adaptation module is the output of the previous one, except for the first one, which receives the initial list of available activities from the activity manager. The final output of recommendation modules is an annotated activity list with a recommendation degree for each of them.
It is possible that no information is available for some activities in the rules and, therefore, the rule-based recommender does not know how to annotate them. In this case, the Markov-model-based recommender checks the path graphs obtained previously, and completes the annotations according to probabilities in the graphs.
Once the list of activities has been annotated, the workspace generator creates a Webpage with the recommendations, and builds the most appropriated workspace for accomplishing the activity selected by the user, including the most suitable contents and tools. This workspace is sent to the user through the Web. Fig. 2 shows a snapshot of a Webpage dynamically generated. It has been built for a student with sensing learning style who has 30 minutes available and is using a personal computer at home to study "Operating Systems."
This Webpage is structured in three areas: recommended activities (O 1 in Fig. 1 ), activity index (O 2 ), and content and tools area (O 3 ). In this example, the activities recommended to that student at that context are "Test1," "Test2," and "Test3." The current activity name is presented at each time in the right side of the recommendation area ("Concepto" in the example). In the middle of this area, two buttons are placed. The one in the upper part is for closing the session and the one below allows showing/ hiding the activity index in order to extend/reduce the size of the workspace area O 3 .
In the left side (area O 2 ), the activity index for a certain user is presented. This index is generated on the fly starting from the activity list annotated by the recommendation module. Each activity is colored according to the semaphore metaphor to represent different types of recommendation degrees:
. Green: recommended at that time.
. Yellow: available but not recommended in this context. . Red: not available. . Orange: available. . Black: already accomplished. Finally, on the right side of the page (area O 3 ), contents and tools are combined to support the realization of the corresponding activity. In the case of individual activities, contents are selected by the workspace generator from the available fragment versions for the activity, considering user personal features (i.e., visual/verbal learning style), dynamic behavior (i.e., activities done, scores obtained in each activity) and context (i.e., adapted to PCs or PDAs), and comparing this information with the features for which each fragment is intended.
For collaborative activities, the workspace generator is the responsible to select problem statements and collaborative tools to support interaction between users and task accomplishment. It processes collaborative-workspace rules and generates the corresponding workspaces accordingly [29] .
When interacting within the environment, students can select the next activity to be performed by clicking on the following:
. A link of recommended activities from the recommendation area. . Any link to recommended, not recommended, or already performed activities in the activity index (area O 2 ). Not recommended activities are annotated as not suitable in the index (yellow color), but the learning environment does not block the access to them. Unavailable activities are annotated in red color and students cannot access to them until the recommendation state changes. . The button "next recommended activity" included at the bottom of area O 3 . In this case, the workspace that will be presented will correspond to the first activity in the list of recommended activities. In the example of Fig. 2 , the learning environment suggests three activities to the student in the recommendation area of the Webpage generated. When the set of recommended activities consists of more than three activities, students can access to them through the annotated index on the left since all recommended activities would appear there, annotated in green color. The decision of selecting only three activities as maximum to be proposed in the recommendation area has been taken with the aim to avoid burdening students with too many recommendations. In such a way, on the one hand, the environment guides disoriented students through the recommended activities. On the other hand, the access to the whole set of recommended activities is possible through the activity index for those most familiar with these environments.
Authoring Support
Developing mobile learning environments, where individual and collaborative activities can be recommended to users (and workspaces can be generated on the fly) according to users' features and contexts, can become an impossible task for some teachers, and frustrating for others. With the goal to help them to create and configure this type of environments, as well as to manage all the information, an authoring tool has been developed. This tool is accessible through the Web. The information required for each element of the environment, which is maganed by CoMoLE, can be provided through Web forms in an easy way. In order to create a new educational environment, authors must follow four steps:
. Creating a set of activities (whose realization and recommendation will be supported), and defining types of activities and common characteristics of the whole set. . Providing general context filters related to the (un)suitability of certain types of activities in different contexts. . Specifying the sets of tools to be used to accomplish collaborative activities. . Describing the learning activities themselves, along with structural rules and accomplishment requirements (if any), and specifying the different versions of contents associated to each activity. The authoring tool offers some additional help to describe environment features, such as adaptation rules, general context filters, or collaborative tools to be used by default. Starting from the descriptions provided by authors (either created by themselves or selected from default options), the authoring tool generates XML files to store the corresponding models.
Regarding means to facilitate user model acquisition once features to be considered for adaptation purposes are specified, the corresponding forms to get information from users are generated accordingly. Some features, such as learning styles, are offered in the authoring tool to be incorporated by default in the environments created. If learning styles are selected, then a specific questionnaire will be posed to students the first time they connect to the system. This questionnaire includes a selection of questions from an ILS questionnaire that includes the most relevant questions to get this information without asking the 44 questions of ILS [41] .
A snapshot of the authoring tool is presented in Fig. 3 . This page corresponds to the first step of the design process (creation of a new set of activities and definition of common characteristics). As can be seen in the upper half of the page, it is possible to indicate the adaptation type(s) to be supported (corresponding to different types of filters for the rule-based recommendation phase), as well as the desire of using dynamic grouping for collaborative activities. In the lower half of the page, features to be considered with adaptation purposes can be either selected from those available or specified (including potential values for each of them).
Both the authoring tool and the mobile learning environment have been implemented in Java language, and share a library with common functionalities. They also use an external library (jdom) to manage the information stored in XML files from Java code [39].
TWO CASE STUDIES
With the aim to check the impact and usefulness of these mobile learning environments in education (focusing on helping students with time management by recommending them specific learning activities according to their features and context), two case studies have been carried out with students of the first and second grade of "Computer Engineering" studies at the "Universidad Autó noma de Madrid." Two learning environments were developed with the authoring tool described above to be used as additional educational resources for "Data Structures" (first course) and "Operating Systems" (second course) subjects. In each environment, different types of learning activities related to the corresponding subject were included. Students were able to perform these activities through different devices such as PCs, laptops, or PDAs.
The case studies offered feedback about: the usefulness of context-based recommendations for these students to learn these subjects; the quality of the recommendations offered; the (in)convenience of using different devices for accomplishing specific activities; whether the system helped students to organize their time for studying; whether students would use it again; what students think and how they feel about these new ways of learning; and some details about the experience.
In order to motivate students to connect to the Web-based environments developed and to allow them to benefit from the context-based recommendation process, some handheld devices were lent to those that had none of their own. Some technical characteristics of PDAs lent were: Windows Mobile 5.0 software, 240 Â 320 pixels, 12-65 MB of available memory, WLAN IEEE 802.11g Wifi, and USB. The number of students enrolled in "Data Structures" and "Operating Systems" subjects were 285 and 230, respectively.
The m-learning environments were made available one week before the end of the semester (23 May) because of logistics. They were used by 135 students in "Data Structures" and 160 students in "Operating Systems" (47 percent and 69 percent of participation in each case). The date of the final exam for "Data Structures" was the 6 June and it was 23 June for "Operating Systems." Therefore, "Data Structures" students had less time to interact with the learning environment. They were the first students using it, and detected some small problems with the environment, which were fixed due to their feedback.
The "Data Structures" environment deals with learning activities related to data structures and programming using C language. Teachers explained these topics during the first months of the semester in the class. The "Operating System" subject has main nine topics and, in this case, the learning environment recommends activities related to one topic ("Memory Management"). Both learning environments contain activities to support learning of theoretical concepts and procedures, revising examples, practising with self-assessment tests, answering open-ended questions, reviewing already done activities and, in the case of "Operating Systems," solving a problem collaboratively.
Learning activity organization is expressed by structural rules, in which tasks are grouped; the guidance to be offered to different types of students when accessing to each group of tasks is specified in the corresponding rules. "Data Structures" environment has 133 activities, 95 of which are atomic. "Operating Systems" has 79 atomic activities out of 91 that composed the whole set.
In both environments, learning activities and contents were recommended to students considering the information stored in the user model. In these particular environments, the parameters constituting the user model are as follows:
. Personal features: Learning styles (visual-verbal, active-reflective, and sensing-intuitive dimensions), as defined in Felder's model [5] . . Actions previously done: Activities already accomplished and results in practical tasks. . Context: Device used (PC, laptop, or PDA), available time (numerical value), and physical location (classroom, laboratory, home, or others). These parameters (including their potential values) are specified in an XML file associated to the environment and can vary from one environment to others. Regarding the way of obtaining information from each student, specific questionnaires were presented, included that for learning styles mentioned in Section 4.1.
The general context filter was used in both subjects, and authors included two rules, which specify the minimum time needed to perform short text exercises and collaborative activities for active/reflective students (10 minutes for the former, 20 minutes for the latter). Table 1 shows these rules.
Finally, specific constraints were also included, related to student physical location, device used, starting and ending dates, activities already performed, and results obtained in practical tasks. These requirements are checked while students interact with the system to provide the most suitable recommendations at each step.
Once a student selects an activity to perform, the most suitable contents associated to this activity are selected for this student. Each activity has different versions of content fragments associated. In these environments, multimedia contents were adapted to student learning styles and devices. On the one hand, contents presented for visual learners contained more images and graphical explanations, and less text. On the other hand, contents offered to verbal students had more detailed textual explanations. Content versions of "Operating Systems" use a different cascade style sheet to adapt multimedia contents to devices. When users were using a PC or a laptop, a content page was built from joining the most suitable content fragments (one or more). However, when a PDA was used, only one content fragment was presented at each step in order to facilitate visualization. Content fragments are selected taking into account the user personal features and his context, including device used.
User actions at each time, including activity done and result obtained, are stored in the user model, along with the student context and the recommendation provided at that time, to be used for further recommendations.
Results and Discussion
Students gave us specific feedback about the recommendations received, as well as their opinion, while interacting with the mobile learning environments and at the end of the course. They were asked to indicate, for each recommendation offered by the environment at each step, whether they found it appropriate. With the aim to support this type of feedback, the workspace generator included the question "Do you consider that the current recommendation was appropriate?" at the bottom of the content area. Learners could select among "Yes," "No," or "I do not know" (this was the default option, see "-" in Fig. 1 ). The user selection was stored and analyzed along with user features and the context in which the activity was proposed. However, just in case students found providing feedback at each step tedious, and with the aim of getting more information, an Before analyzing the feedback obtained, general data about the use of CoMoLE are presented in Table 2 . The global participation percentages (students that used CoMoLE from those enrolled in a course) were 47 percent and 69 percent. Students in "Data Structures" performed 4,387 activities and those in "Operating Systems" did 6,101. The average of atomic activities accomplished were 33 in "Data Structures" and 39 in "Operating Systems" from 95 and 79 atomic activities, respectively. "Operating Systems" students performed more activities on average (49 percent) than "Data Structures" students (35 percent).
Next, information about the suitability of the recommendations at each step, according to student answers, is presented. Table 3 shows the number of good and bad recommendations, as indicated by the students, until a certain date for "Data Structure," as well as the number of times that students did not give us any feedback. Table 4 represents the same information for "Operating Systems."
When analyzing the feedback of students presented in these two tables, it is important to remember that both case studies started at the end of May and the final exam was the 6 June for "Data Structures" and the 23 June for "Operating Systems." When considering only the information stored before the exam, the data are those are presented in Table 5 .
As can be observed in Tables 3 and 4 , there is a large increase in the number of times students selected the "I do not know" option in the previous days of the final exam in both studies. Before we received more detailed feedback from surveys, we thought that this was because students were quickly training for the final exam, with not enough time to provide feedback. The survey done after the final exam confirms our thoughts.
Both case studies show a lack of use of the selection box, but when comparing only "Yes" and "No" options, there are much more students who considered the recommendations suitable (94.3 percent versus 5.7 percent for "Data Structures," 87 percent versus 13 percent for "Operating Systems").
In order to know what happened with recommendations annotated as unsuitable, data about the activities proposed, along with student features and contexts, were analyzed. The main goal was to get explanations about which type of students considered the task unsuitable and their context at that time, in order to see whether it would be necessary to modify recommendation criteria. The first approximation to this analysis consisted of finding out which activities were proposed in "unsuitable recommendations," and how many students considered them unsuitable. A list of activities related to "unsuitable recommendations" was obtained for each subject.
In the case of "Data Structures," the list contained 22 activities. However, there were only eight activities annotated as "unsuitable" by more than one student. These activities were those whose contents are essential. For example, examples of atomic types in C (considered unsuitable seven times, representing the 18 percent of the "not suitable" recommendations in this subject), theory about atomic types, "if" and "switch" conditionals, examples of operators and loops in C, and review activities proposed only to students who obtained low scores in tests and short exercises related with conditionals and loops. Regarding "Operating Systems," the activities involved in recommendations annotated as unsuitable with highest frequency are also related to the most basic concepts. Apart from theoretical activities and examples related to "Pagination" and "Simple Segmentation," there are some tests related to basic memory management. From the whole set of atomic activities in this subject (79), 23 recommendations were selected as not suitable by more than one student.
In order to know whether there is any relationship between the recommendations annotated as unsuitable, the context in which they were done, and the features of users who did these annotations, we analyzed all the information stored in the system about the two activities annotated as unsuitable in most occasions. There are "AtomicEjem" for "Data Structures" and "Mem_Test2" for "Operating Systems." Table 6 presents information about students who annotated "AtomicEjem" as unsuitable. This activity is the first activity recommended to sensing students and the second activity that intuitive learners must accomplish, independent of their context. In all, seven students annotated this activity as unsuitable, but 45 other students marked it as suitable, as shown in Table 6 . The contexts of these users when the task was proposed to them were different. However, all of them are sensing. When looking for information about students who annotated this activity as suitable, 39 were sensing students and only six were intuitive learners. Therefore, we think that neither learning styles nor context features influenced the student selection of (un)suitability for this activity. Table 7 shows personal features and context of students that considered unsuitable the recommendation of "Mem_Test2." This activity was annotated as suitable by six students and as not suitable by six learners. Furthermore, this is the activity with more "unsuitable" votes in this subject. This one was proposed to all students, independent of their learning style. It is a subactivity from "Memory Management" and, in this case, navigational guidance between subactivities was not different according to student learning style. Furthermore, context features were different for each student. Therefore, we cannot get conclusions about which students in which situations considered the task unsuitable, to update recommendation criteria.
The next analysis done consisted of looking at the type of activities annotated as unsuitable, in order to find out whether there exists any relationship between the types of activities annotated as unsuitable and user features and context. The aim here was to find out whether criteria for general filters should be modified. Fig. 4 shows the frequency of recommendation unsuitability according to the types of activities. In Fig. 4a , the results of "Data Structures" are presented. The answers for "Operating Systems" are in Fig. 4b . In both cases, theoretical explanation is the type of task involved in recommendations marked as unsuitable with the highest frequencies.
For each activity selected at least once as inappropriate, we analyzed the number of students who considered it unsuitable versus those who considered it suitable. Fig. 5 presents the number of votes for "Yes" and "No" options. All of the activities had more positive than negative answers, but an open-ended question, which received only a few votes, had mostly negative answers. When we checked the question, it turned out that its feedback was wrong. We think that this may be the reason why students did not consider the recommendation of the activity suitable (maybe they thought they were not ready to answer the question correctly, or they simply got disturbed).
Taking into account these results, it seems that the activity recommendation process works well, selecting suitable activities at each step, according to criteria specified by teachers. It is a fact that a significant amount of times students do not give us their feedback about specific Fig. 4 . Frequency of unsuitability according to the activity types.
recommendations, which we thought could be a possibility from the beginning. For this reason, an online survey was made available through the environment interface with freetext questions. Many students gave us more detailed feedback through these surveys, as it is explained in detail next.
Sixty eight students answered this survey: 21 from "Data Structures" and 47 from "Operating Systems." It consisted of 18 questions. Some of them were oriented only to students that used a PDA as one of the devices to connect to the environment. Some students had their own laptops/ PDAs, and we lent some extra PDAs to facilitate mobile learning. Most of the students answered the online survey after the final exam. The questions and the corresponding student answers are presented next.
The first question was "Do you prefer that the environment recommends you activities in each step according to your characteristics and current context or would you have preferred that it had not done any suggestion?" Students were able to choose between three options:
. It is better with recommendations. . It does not matter. . It is better without recommendations. Most students prefer recommendation (71 percent from "Data Structures" and 85 percent from "Operating Systems," see Fig. 6 ).
Students were allowed to explain their selection in a text box. Those who preferred suggestions of the learning environment emphasized several positive aspects of the environment:
. These systems guide one over the whole set of activities and help to decide the starting point (what are the best activities to be done according to one's personal needs and learning process). . It helps to know which topics have been wrongly learned, and it proposes review activities for consolidating these concepts.
. It includes many exercises and I can train for the final exam since teachers do only a few exercises in class. . It is useful that the system annotates the most important topics of the whole set of topics. . These environments are more attractive because they allow me to do many types of activities, not only study theory from a book or my personal notes. . This type of learning environments helps to organize one's free time, so they are very useful when one has only a few minutes available. In a few cases, students said that they better understood the concepts when they were explained by the environment rather than by the teacher in the classroom.
Students that chose "It does not matter" or "It is better without recommendations" stated that contents were the relevant elements of the environment, and said that they prefer to choose the activities to be performed at each time. Some of these students have a global learning style and the environment did not consider adapting the learning activities to this type of students. Other learners said that sometimes they could not concentrate on studying some contents because they are tired.
The second question was whether students think it is useful to be guided through the whole set of activities according to personal features such as learning style. Students can score between 1 and 5, where 1 means very useful and 5 means useless. In both case studies, no student selected the useless option and only one student per case scored 4. As it can be seen in Fig. 7 , 71 percent of "Data Structures" students and 79 percent of "Operating Systems" consider very useful or useful the adaptation based on personal features. Only 5 percent and 2 percent of students considered it a little useful.
The third question was about the suitability of adapting the learning activities according to student current context. Students consider the context slightly less important than personal features. In this case, the percentage of "very useful" and "useful" answers are 67 percent for "Data Structures" and 66 percent for "Operating Systems" (see Fig. 8 ). Furthermore, "few useful" and "useless" options are selected by seven students in total, considering the two environments.
We asked students if they followed the recommendations suggested in the upper area of the Webpages, if they selected other recommended activities from the activity index, or if they accessed to activities annotated as not recommended. The percentage of students that followed the environment recommendations always or most times was 62 percent in both cases. The percentage of students who did not follow the recommendations sometimes is low (three students per subject). Finally, those students who followed the suggestions of the learning environment sometimes was 24 percent for "Data Structures" and 32 percent for "Operating Systems."
Another question was "Do you find recommender environments that adapt learning activities to personal features and context useful?" Fig. 9 shows that 84 percent of the students in "Data Structures" and "79 percent" in "Operating Systems" consider these environments useful. Only 5 percent and 4 percent, respectively, did not find them useful for learning.
Students stated that these environments are useful because they are able to support content adaptation according to the user context (available time and device used) at each time. They said that it contributes to the learning process, guiding them through topics of a given subject. They experienced that this mobile learning environment helped them to approach the subject in a new way, and see it as an incentive to study more in less time.
Some students said that they find e-learning more attractive if activities can be performed without staying in front of a PC for hours (i.e., using PDAs). Others considered contents themselves more important than content adaptation to different devices. They prefer different versions of contents, with different levels of difficulty, i.e., rather than contents adapted to devices, with not that many differences between them. Finally, many of them pointed out that they do not own PDAs yet.
Regarding the easiness of use of the mobile learning environment, 90 percent of "Data Structures" students and 94 percent of "Operating Systems" students selected the "really easy" and "easy" options. Four students selected the "neither easy nor difficult" option. Only one student of the first grade said that using the learning environment was a little bit difficult.
The next question was "Has the learning environment helped you to study the subject?" In general, students are satisfied with the environment. They used it as an additional resource, not instead of traditional lectures and lab work. For this reason, if we sum up the number of students that think the system helped them, we obtain a 92 percent: 13 percent said that it helps a lot, 35 percent that it helps enough, and 44 percent that it helps a bit. Only 8 percent of the students answered "it does not matter" or "not enough."
The survey included a question about motivation. Students were asked whether the mobile learning environment motivated them to study this subject. In "Data Structures," 45 percent of them felt especially motivated to study more because of the use of the environment, and 50 percent of them said that they studied with the same motivation. Only 5 percent said that this environment did not motivate them at all. For "Operating Systems," better results have been obtained: 83 percent, 11 percent, and 6 percent, respectively.
Regarding external Web resources, two questions were asked. The first one was if they looked for additional learning resources through the Web (i.e., notes, messages in forums, blogs, and so on). There are significant differences between both subjects. "Data Structures" students had looked for resources in Internet either regularly (45 percent) or from time to time (45 percent). However, only 19 percent of "Operating Systems" students usually looked for additional resources and 53 percent only did it from time to time. The next question related to this issue was "If you had not had this mobile learning system available, would you have looked for more, less or equal quantity of resources in the Web?" Similarly, there were different opinions between students from first and second grade. The majority of "Data Structures" students would have looked for the same quantity of learning resources; 24 percent said that they would have looked for more resources and only 10 percent would have looked for less material. However, 45 percent of "Operating Systems" students would have looked less if they had not had the learning environment; 30 percent had looked for the same quantity of resources, and 25 percent would have looked for more information. It is worth mentioning that in the second case, this may be because when interacting with the environment, they are more motivated to learn through the computer instead of reading books and notes, and end up looking for additional information.
With respect to students using PDAs, most of them said to have no previous experience with PDAs. The number of those using PDAs before these experiences is higher for Fig. 9 . Usefulness of recommender environments. Fig. 8 . Usefulness of adaptation to student context. students in the second year. Students with previous experience using PDAs do not consider themselves experts, but users who use PDAs in sporadic situations do. Only two "Operating Systems" students consider themselves experts with PDAs, and they use them quite a lot.
The possibility of accessing this mobile learning environment through a PDA was something students liked (see feedback in Fig. 10 ). Of the "Data Structures" students, 67 percent liked using PDAs, while 50 percent from "Operating Systems" did. A significant number of students did not care about using any specific device.
Students argued that PDAs can be used anywhere at anytime due to wireless connection. They can carry it with them easily because of its small dimensions, and it allows having most one needs in a small device. They emphasized that they were very useful to access to the learning environment when they had some minutes available. However, students who did not like using PDAs in both studies commented that Internet wireless connexion was interrupted in some occasions and, for this reason, the use of them was uncomfortable. "Eduroam" supports wireless connection available in the campus. Yet, sometimes there are problems with the coverage in some buildings.
With respect to the visualization of multimedia contents presented for each activity, students had a few problems in certain activities in spite of using CSS templates for the contents of "Operating Systems." Instructions to extend the images presented in some activities for correct visualization (full screen) were given to students. Content length was suitable in general. However, the small scroll in the lower part of the Web browser for some contents with images and tables was a problem for certain students, who said that they prefer using a mouse in PCs or laptops rather than using the stick in PDAs.
The next question was whether they found the possibility of automatically hiding the menu on the left (index of activities) when they are using PDAs appropriated. Most students said that hiding the index by default and letting the user press a button to see it is a good option (56 percent in "Data Structures" and 40 percent in "Operating Systems"). However, 22 percent of "Data Structures" students and 53 percent of "Operating Systems" students answered that "It does not matter."
Regarding the most suitable types of activities to be recommended while students are using a PDA, they chose tests and review activities as the most appropriate. Examples and short free-answer exercises are considered only in a few cases. Theoretical and collaborative activities were not considered as suitable for PDA devices.
Finally, the last two questions posed to everybody were related to future improvements for these mobile learning environments and comments or additional suggestions about this new learning experience.
Summarizing, most students liked this new way of learning through adaptive mobile environments. They described the experience as positive and suggested the use of this type of environments in other courses of "Computer Engineering." The learning environment developed helped students to extract the most important topics to organize their time for learning, access to educational resources from anywhere, and train though additional learning material for the final exam.
Furthermore, student motivation increased, as they stated, when they used CoMoLE (50 percent in Data Structures and 83 percent in Operating Systems). Students wrote many comments related to this, stating that: learning became more attractive and enjoyable; when they were bored or tired of studying a book or their own notes, they were able to study through their PC, laptop, or PDA in an interactive and dynamic way; and it has promoted discussions between classmates regarding the topics involved.
The environment encouraged discussions with other colleges about the learning activities proposed (theoretical activities, examples, exercises, and feedback in the exercises). It also favored the exchange of ideas between learners and constructivism learning.
There were two main complaints: 1) they did not have enough time for interacting with these environments (because of the date in which they were completely available) and 2) the learning activities were related only to some parts of the whole set of topics of the subjects. They proposed to make the environment available from the semester starting date for next academic year. Finally, they proposed a new type of learning activities ("exam") to be recommended once students finish performing the whole set of activities. They suggested this with the aim of not only learning, but also training for the final exam.
Regarding the whole environment, students suggested the possibility to switch on/off the recommendations in order to give more freedom to students. They also proposed to include, at the beginning of a session, review activities related to the exercises failed in the previous session. Other proposal was to allow students to access to content versions intended for other user profiles, once they have finished the whole set of activities, to be able to see different variations of the contents related to the same topic (i.e., visual-oriented and verbal-oriented versions).
With respect to potential navigational improvements, some students would like to be able to access to advanced activities as soon as they have acquired the required previous knowledge instead of receiving recommendations of other simpler tasks. We think that they followed the recommendations given in the upper side of the interface (which included only the first three recommended activities at each step), and maybe they did not see the activation of all recommended activities in the index on the left.
Finally, students suggested two content-related improvements. The first consisted of providing detailed feedback in exercises, even when the student gets the right solution, since sometimes they are not really sure why this is the correct answer (complete feedback was given in some exercised, but in others, only wrong questions received this detailed information). The second improvement consists of using low-quality multimedia materials for contents to be accessed through PDAs, since downloading some of the images from 3G mobile phones or PDAs took quite an amount of time.
CONCLUSIONS AND FUTURE WORK
The work presented in this manuscript demonstrates, on the one hand, that it is possible to bring advanced adaptive mobile learning environments (including context-based recommendations and dynamic workspace generation) nearer to real users. Providing authoring tools to facilitate teachers their creation, as well as including features and criteria to be used by default with recommendation and adaptation purposes, is essential. In our case, some aids have been provided in this direction: an authoring tool including features to be incorporated to user models, adaptation rules, recommendation criteria, and indications for workspace generation, to be used by default, and a recommendation module based on the use of Markov models, so that providing or selecting rules is not necessary. Functionality in CoMoLE is very well separated in modules and authors can select these to be used within their environments.
On the other hand, the results and feedback obtained from students in two case studies support the confidence in the usefulness and acceptance of this type of educational environments for mobile learning. In the two case studies carried out, feedback about different aspects was obtained, including: the usefulness/uselessness of context-based recommendations to learn two subjects of "Computer Engineering"; the quality of the recommendations offered by these environments; the (in)convenience of using different devices for supporting activity accomplishing; whether the recommendations offered by the system helped them to organize their time for studying; whether they will use it again; and how they feel about these new ways of learning, among others.
The feedback and opinions obtained regarding these and other aspects are explained in detail in the previous section, also including discussions about the results obtained. Students found the environments useful to support other ways of learning. Recommendations of activities to be accomplished mostly helped them to organise their time for learning, especially in situations where they had not much time available. Their motivation increased not just for learning, but also for discussing with their partners about theoretical explanations, examples, or exercises proposed by the environment.
They found recommendations based on their personal features, previous actions, and context useful. However, when dealing with contents, adaptation to personal features (including learning styles) and knowledge was considered more important than context-based adaptation (mainly content adaptation to devices).
In both studies, sensing-intuitive and visual-verbal dimensions of student learning styles were considered, either as criteria for recommending activities in different contexts or for content adaptation. However, some students realized that it would have been useful to consider the sequential-global dimension too, especially for activity recommendation. More conclusions of the results obtained have already been explained in the previous section, when analyzing the results.
Finally, the fact that students proposed to extend the environments to cover the whole course programs and suggested to make it accessible since the beginning of the semester gives clues about the acceptance of this type of environments among students.
Currently, we are extending the set of adaptation rules and recommendation criteria to be used by default in each filter of the recommendation mechanism in order to facilitate authoring as much as possible. For future work, we are planning to modify the two environments created including some of the suggestions given by the students, and create new ones related to different subjects.
We are also planning to do different experiments using a combination of rules and Markov models, only Markov models, and no recommendations at all to analyze the relevance of each part of the recommendation mechanism and also to obtain information about the most relevant parameters to be considered in recommendation criteria. These parameters could be the ones used to classify users and obtain the path graphs for the Markov-based recommendation phase, so that the number of user types will be lower, more graphs would be available for each of them, and therefore, more information for the recommendation process would be available earlier.
Another interesting issue would be analyzing all user actions to extract conclusions about what is going on within the environment. Some works have already been done in this direction [40] . We are also doing research on user model acquisition, trying to obtain information about student features (i.e., learning styles) without asking them to fill in the corresponding questionnaires [8] , or trying to shorten the number of questions posed to students [41] . Finally, it is worth mentioning that the mechanism developed is a general purpose. Learning is one of the application areas, but this can be used wherever different users must accomplish tasks either individually or collaboratively in different contexts, have different personal features and needs, and need help to organize themselves and benefit from spare time. 
